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Abstract-Many studies underscore the importance of incorporating the effect of environmental data within a life-history-stage-specific framework for determining the recruitment and survival of small pelagic fish. The recruitment of anchovy (Engraulis encrasicolus) in the Gulf of Cádiz (NE Atlantic) is sensitive to the effect of intense easterlies, stratification of the water column, and discharges from the Guadalquivir River on early life stages. As a proof of concept, we have developed the basis for a new Bayesian model with a dual time step resolution: monthly for juveniles and adults, and weekly for earlier life stages. This dual time step resolution resolves environmental effects on prerecruits while simulating the effect of fishing on recruits. Our estimates for juvenile abundances are validated with field data. The Bayesian framework accounts for the uncertainty, thus providing consistent length-frequency estimates and a plausible environmentally driven stock-recruitment relationship.
The physical and trophic environment affects fish stocks and landings (Lloret et al., 2001; Erzini, 2005) , particularly for short-lived small pelagic species (Nakata et al., 2000; Guisande et al., 2004; Basilone et al., 2006; Lindegren et al., 2013) . This effect is observed at different time scales (Fréon et al., 2005) . Short-term synoptic events that last a few days and affect a relatively large area affect mostly the early life stages of fish. For small pelagic fish, stock dynamics are often more dependent on recruitment failure from mortality at early life stages than on variations in fishing effort (Cingolani et al., 1996; Dimmlich et al., 2004) . Variability and instability characterize the dynamics of small pelagic fish (Fréon et al., 2005) . Their position in the food web and the prominent role of recruitment in population dynamics partly explain the aforementioned dynamics. The inclusion of environmental drivers in predictive recruitment models for these (and other) species has been advocated in the past and is increasing (Barange 1 ; Durant et al., 2013) , but the adoption of these drivers for management is not widespread (Fréon et al., 2005; Fréon et al., 2009) .
Intense easterlies, stratification of the water column, and the influence of the Guadalquivir river have been identified as the main environmental factors influencing early life stages of the European anchovy (Engraulis encrasicolus) (Ruiz et al., 2006) in the Gulf of Cádiz. The synoptic time-scales of these environmental forcing variables and the nature of the spawning process, with clear, spatially explicit components, suggest that egg and larval abundances can change drastically within a time scale of days (Catalán et al., 2006) . Because many environmental databases are structured on a weekly basis, both the natural scale of the environmentally controlled recruitment process and the availability of data suggest that it is sensible to model these early stages at a weekly resolution.
However, for small pelagic fish, fishing-induced mortality may become a dominant element of population dynamics after recruitment (Pinsky et al., 2011; Lindegren et al., 2013) . Fisheries data are frequently structured as monthly statistics in publicly available databases. Moreover, the availability of landing data or catch per unit of effort (CPUE) data and the decreased sensitivity of individual fish to short-term synoptic events suggest that it is sensible to model postrecruit processes with a time resolution longer than a week. The change of time scale for the natural processes governing the dynamics of clupeoids during ontogenetic development poses significant challenges for modeling purposes. Restricting the whole model to a resolution that is suitable only for postrecruits (e.g., monthly) would result in a model that misses the impact of oceanographic synoptic events on recruitment. These synoptic events have a time scale of the order of days but their potential impact can be devastating on the survival of eggs and larvae. Ruiz et al. (2009) parameterized the impact of synoptic events through the implementation of monthly averages. However, these averages may hide the real impact of synoptic events. For instance, in spring or summer, a period of several days of calm and sunny weather in the Gulf of Cádiz will result in a warming of the sea surface, thereby triggering spawning of species like anchovy. If this event is followed by days of intense easterlies, spawning will be lost by the advection of eggs by oceanic currents (Ruiz et al., 2006) . The time-scale of these synoptic events (several days) cannot be resolved by the monthly averages implemented in Ruiz et al. (2009) . A trivial option would be to select the maximum resolution (e.g., weekly) for the whole life cycle. However, this option may render the model numerically intractable owing to the large number of time steps involved. A dual resolution model, with shorter time steps for earlier stages, offers a compromise between the need to resolve the synoptic (3-5 September 2001, Cape Town, South Africa) . GLOBEC Spec. Contrib. 5, 122 p. [Available from website.] scale that forces both eggs and larvae and the need to keep the numerical burden tractable.
A dual resolution model should be able to encompass the change in time scales inherent with ontogenic development. However, the suitability of such a model does not imply the ability to resolve the intrinsic uncertainty that characterizes ecosystem dynamics. This uncertainty demands a probabilistic rather than a deterministic approach (Ruiz and Kuikka, 2012) . In fishery research, state-space models, a kind of probabilistic model that describes the probabilistic dependence between the latent state variables and the observed measurements, coupled with Bayesian Markov Chain Monte Carlo (MCMC) methods, provide estimates of abundance while measuring the uncertainty pervasive throughout the life-cycle of individuals. State-space models separate the problem into two stochastic models (Meyer and Millar, 1999; Rivot et al., 2004) . The first one, the process model, accounts for the unobservable stochastic variations that govern internal population dynamics. The second one, the observation model describes how the population state is observed and with what uncertainty. The linking of these two stochastic models provides consistent simulation of stock dynamics and computes uncertainty as a natural output (Punt and Hilborn, 1997; Millar and Meyer, 2000) .
We describe the implementation of a state-space, size-structured population dynamics model for anchovy in the Gulf of Cádiz. For this model, it is assumed that the environment affects early stages of the life cycle at different time scales, and a von Bertalanffy growth process provides consistent recruitment and length-frequency estimates. The first section of this article is devoted to the description of the conceptual framework necessary to accommodate a dual resolution and environmentally forced formulation into the general population dynamics model (GPDM) described in Mäntyniemi et al. (2015) . The second section describes the model outputs, and the third section presents a discussion regarding the validation of our hypothesis and the effectiveness of the proposed tool.
Materials and methods
For this study, we implemented a Bayesian state-space size-structured population dynamics model. This statespace model included 2 stochastic models, a process model and an observation model. The process model has two modules in order to integrate both environmentally forced recruitment and size-structured stock dynamics. The first one is applied in this study to the environmental conditions in the Gulf of Cádiz but could be extended to model the dynamics of other small pelagic fish species whose recruitment is mainly forced by the environment during their earliest life stages. The second module describes mainly growth and mortality processes. The observation model requires data on catch in numbers, CPUE, and acoustic surveys. The notation for data and model parameters is summarized in Table 1 and a formal graphical representation is provided in Figure 1 (an informal and illustrative diagram is available from the following website).
Process model
We present below a weekly resolution model to explain mathematically the dynamics of anchovy eggs and larvae in the Gulf of Cádiz. The model includes the effect of the environment on these early life history stages and it is designed to be embedded in a GPDM that runs with longer time steps.
Environmentally forced recruitment According to the anchovy spawning dynamics described in Motos et al. (1996) and García and Palomera (1996) , it is reasonable to consider that the production of anchovy eggs in the Gulf of Cádiz occurs when there is a sea-surface temperature (SST) increase of at least one degree (°C) between consecutive months and the temperature Table 2 ) minsdLinf, maxsdLinf Bounds for σ L ∞ in cm TL (see Table 2 ) ming, maxg Bounds for the expected somatic growth rate (see Table 2 Proportion of the population that survives to the next month t+1 p t Survival probability q t Proportion of caught fish to dead fish at month t is above 16°C (Ruiz et al., 2006 (Ruiz et al., , 2009 . To resolve the weekly heat-triggered egg production we assume that it occurs when there is an increment of at least a quarter degree in a week, and therefore consistent with the proposal of a degree per month in Ruiz et al. (2009) . Empirical data from other areas suggest that females may spawn on average every three days under suitable temperature conditions (Somarakis et al., 2004) . After spawning, strong currents created by easterlies can advect eggs and larvae away from favorable conditions (Catalán et al., 2006) . Hence, the number of individuals that survive is negatively influenced by the occurrence of easterlies during the following two months after spawning. After these two months, individuals are better able to control their position in the water and are less vulnerable to currents. The model resolves the triggering of spawning by SST and egg and larval survival that depend on easterlies through weekly time steps over two months (see Eq.1). Juvenile and adult stages are modeled by using monthly time steps that adequately resolve the dynamics of the population (see Ruiz et al. [2009] for a detailed description of anchovy life stages). Therefore the model resolution changes from weekly to monthly time steps as the development of anchovy individuals moves from egg and larval toward juvenile and recruit stages. This coupling between two different time resolutions is achieved by converting the eggs produced in the first, second, third, and fourth week to juveniles at the 9th, 10th, 11th and 12th week, respectively. Consequently, B t (2), defined as the number of individuals that are two months old in month t (first juveniles), is modeled by following a truncated normal distribution and using data from weekly SST at the times of spawning (9, 10, 11 or 12 weeks before) and the weekly effect of easterlies in the preceding 2 months, as follows:
where I = an indicator variable; and B t (2) is defined as follows:
where
where T t j andW t j = the temperature and the number of days that strong easterlies (>30 km/h) have blown, respectively, during week j in month t.
Parameter λ accounts for the effect of strong winds and Eggs t−3 is the number of eggs at time t−3 in relation to the population size at the first time step (N * ), whose
Figure 1
Directed acyclic graph (DAG) of the Bayesian state-space model used to incorporate an environmentally forced recruitment of European anchovy (Engraulis encrasicolus) in the Gulf of Cádiz, Spain. The DAG represents random quantities as elliptical nodes that are connected by arrows indicating conditional dependencies. Rectangular nodes represent known data. The nodes are separated into 2 groups (represented by the large rectangular frames) that determine the life cycle: in the bottom frame are the nodes needed to define processes that take place before recruitment and in the top frame are those used to define processes that take place after recruitment. A description of each node can be found in Table 1. calculation will be explained in the second part of the model. The variance is large enough to avoid any constraint on parameters while the Gibbs sampling algorithm explores the space of possible values for the parameters. Note that corresponds with the assumption of birth in the jth week of month t-2. The regulation of freshwater in the dam of Alcalá del Río has a significant impact on the survival of juveniles at their second (3-4 months old), third (4-5 months old) and fourth (5-6 months old) stages (Ruiz et al., 2009) . A lack of discharge, D t , implies low fertilization of the water, and excessive discharges cause individuals to leave the estuary and cause a loss of the protection it provides. The concentration of anchovy as a function of discharges can be described by the standardized normal density function as ϕ(ln(D t ) -4.6052) and by taking the maximum value when D t =100 hm 3 (Ruiz et al., 2009) ; consequently, the model for second-, third-, and fourth-stage juveniles (3-, 4-, and 5-monthold fish, respectively, at time t+1, t+2, and t+3, respectively B t+1 (3), B t+2 (4) and B t+3 (5) is formulated as
where parameter ρ accounts for the effect of monthly discharges D t . The variance chosen (2000 2 ) is large enough not to constrain the model while the model searches for appropriate parameter values and keeps the population within sensible limits. The number of individuals in age group 5 (B t+3 (5)) could be considered as a function of the number of eggs.
According to Maunder and Deriso (2003) , and Män-tyniemi et al. (2013) , recruitment process error is accounted with a lognormal process:
where σ R 2 = ln(C R 2 + 1), and C R is a parameter representing the coefficient of variation of B t+3 (5).
Therefore, R t acts as the link between the environmental forcing of anchovy life stages (Ruiz et al., 2009) and the dynamics of the stock as modeled in Mäntyni-emi et al. (2013) , where the change in total population size equation is defined as
where s t = the proportion of the population that survives to the next time step (see supplementary text for the formal definition of the survival process error); N t = the stock population size (individuals with more than 5 months of age) in relation to the population size at the beginning of the first time step, N * , i.e., N t = 1 and absolute population size is calculated as N t N * ; and R t+1 = the number of recruits at time t+1 in relation to N * Size-structured stock dynamics Population of the stock, whose length range is herein defined as 10-22 cm in total length (TL) according to the ICES reports (see for example ICES 2,3,4,5,6 ), was assumed to be gathered in 6 length intervals of 2 cm TL each,
, where I k and I k+1 are the size class limits.
Spawning As an approximation for the three days of spawning frequency, and in order to keep computational time reasonable, the female population is assumed to spawn once each week if suitable conditions exist. They are supposed to produce a number of eggs computed with the following dot product:
where l t and e are column vectors with 6 components.
The first column vector denotes the size class frequencies after recruitment, allocating the relative population N t in the 6 length intervals defined above. The second column vector represents the number of eggs per gram spawned by a mature female in each length class. Each component of column vector e is calculated as the product of the fixed parameters fec, mat k , sexr, and w k , defined in Table 1 . Note that this number of eggs only becomes effective if spawning conditions settled in Equation 1 are satisfied.
Growth The growth of individuals is assumed to take place instantly at the beginning of each month. The length of individuals at time t (individuals that at time t−1 were in length class k (L k )), is assumed normally distributed with an expected value and standard deviation calculated as follows:
and where L ∞ and σ L ∞ = the asymptotic expected value and standard deviation, respectively, for the length distribution and g is somatic growth rate.
The mean value of L k is an application of the von Bertalanffy growth equation (Quinn and Deriso, 1998) starting from
. Each individual has the possibility to stay in the same length class or move to a larger length class. This transfer is modeled through a transition matrix G = (g k,l ) 6×6 , where g k,l denotes the probability that an individual in class J k grows enough in a month to move to class J l .
The size distribution at month t after growth is given by l t (G) = Gl t .
Calculation of σ L k and g k,l is described in Appendix 2
of Mäntyniemi et al. (2015) .
Mortality and survival A fish in length class k after growth has been completed has three possibilities: to die naturally, be caught, or to survive (ρ t ,k , γ t ,k , and p t ,k , respectively), with respective probabilities given by Baranov (Baranov, 1976; Quinn and Deriso, 1998) as follows:
with F and M denoting fishing-induced and natural mortality, respectively (where M and F are assumed as constant in time for all individuals available to the fishery, i.e., bigger than 10 cm TL). Then the proportion of caught fish in length class k from all dead fish is computed as
The number of surviving anchovies at time t determined by the probability p t = p t,k k=1 6 ∑ given in Equation 8, together with the environmentally forced recruits at time t+1 computed in the first part, constitute the population available to fisheries in the stock for time t+1 (Eq. 3). The procedure is repeated for each time step.
Length distribution Accordingly, the length distribution in the next time step will be defined as the weighted sum of the known length distribution of recruits (between 10 and 12 cm TL) and the length distribution of surviving individuals (l t (S) ), as follows:
where l t (S) = p t l t (G) . This choice corresponds to an overdispersed alternative to a binomial distribution (Gelman et al., 2013) . A binomial distribution is too restrictive, considering the schooling and clustering behavior of anchovy (Män-tyniemi and Romakkaniemi, 2002) , and a beta-binomial distribution reflects the fact that all individuals do not have the same probability of being captured. Note that the expected value of the distribution (q t d t ) corresponds to Baranov's catch equation.
Observation model

Catch in numbers
CPUE The catch per unit of effort at time t, CPUE t is applied only for the spawning times, i.e when the mean SST of the month is higher than 16°C and it has increased at least 1°C from the mean temperature of the last month. As extensively discussed in Ruiz et al. (2009) , this value is reported yearly but most of the CPUE signal is produced during the spawning period. CPUE t is normally distributed with a mean proportional to the stock size at time t (N t ,) and a very high variance that reflects a vague knowledge about this variable, as follows:
where Q, = the catchability coefficient.
Acoustic surveys Estimations of the population size by means of acoustic surveys are available for two specific months: June 1993 and June 2004, as in Ruiz et al. (2009) . These acoustic data for stock size, A t , t = 71,215, provide abundance estimates. They are assumed to follow a normal distribution with unknown variance σ A 2 , that is transformed to a lognormal distribution as follows:
where CV = the coefficient of variation of N t .
Those acoustic surveys are the only "contact" of the model with nonfishery estimates of stock size. We decided to let variance be a nonfixed parameter to be determined a posteriori by the Gibbs sampler. This decision imposes an additional numerical burden on the exercise, but not an excessive one owing to the low number of estimates, and is justified given the important role of this fishery-independent source of data.
Directed acyclic graph (DAG) Figure 1 shows the directed acyclic graph (DAG) for the model. The DAG represents random quantities as elliptical nodes connected by arrows that indicate conditional dependencies. Data are introduced as rectangles and the arrows could be dotted or solid lines that correspond to logical and stochastic dependencies, respectively. If parameter A follows a distribution dependent on parameter B, there is a solid arrow pointing from B to A. If parameter A is a function of parameter B, there is a dotted arrow pointing from B to A (Meyer and Millar, 1999) . For example, in Figure 1 , the relationship of catches (c t ) with dead individuals (d t ) and the total probability of being caught (q t ) is detailed in Equation 9 .
Priors
After an extensive literature search on parameter values for this particular species and area, the data were filtered, preprocessed, and interpreted in terms of reliability by those with an expert knowledge. This method implied an initial inspection of the data distribution and the metadata. If, for example, the age structure from one particular data set was markedly different with respect to that from the Gulf of Cádiz, those data were excluded. Secondly, if the final filtered available data were of poor quality (e.g., produced with a dubious method), the probability density functions (PDFs) were built in a conservative way and at a level of reliability that determines the amount of information provided by the prior distributions (Table 2) . When the reliability of previous information was considered weak, large variance distributions were selected. In general, the use of the lognormal distribution was considered adequate for informative priors given the underlying variability and the scarcity of such data. The source of information to derive biological and exploitation-related data was anchovy stocks from European waters and expert-knowledge on those stocks. All parameters were restricted to positive values that were consistent with the processes described. For some parameters (e.g., ρ), the PDF was modeled according to previous research, whereas for others, such as natural and fishing-induced mortality (F and M), no reliable information was available for the area; hence selected information from similar stocks was used. Identical monthly distributions for F were chosen on the assumption of a mean annual F of 1.1 corresponding to age-1 fish in the close-by Alborán Sea stock (Giráldez et al. 7 ). The genetic structure of Alborán Sea (Pertierra and Lleonart, 1996) . A large standard deviation was supplied, so that maximum (annual) F values might reach the maximum F values reported in the literature for the aforementioned stocks (approximately F=2/year). The prior distribution was constrained at the lower end to 0.05/month, which corresponds to approximately 50% of the selected average F value for age 1. The PDF for M, for which even less data exist, was based on the age-specific M estimates for age-1 anchovy in the near Alborán Sea (Giráldez et al. 7 ). Those authors estimated M according to the ProdBiom method (Abella et al., 1997) that is based on Caddy (1991) . The large variance assigned to M had an upper boundary of 0.08, which would yield theoretical annual mortality rates close to M=1/year, which is 15% higher than the M value for age-0 anchovy reported from 5 years of surveys of an unfished anchovy stock (Gulf of Biscay; ICES 3 ).
The bounds for growth parameters L ∞ , σ L ∞ , and g (logitnorm function) were constructed on the basis of a single work performed in the Gulf of Cádiz (Table 2) during which biological data were collected fortnightly for 4 years on individuals ranging in size from 4 cm TL to maximum length. L ∞, and g extremes were estimated directly from that series, whereas bounds for σ L ∞ were considered uninformative and embraced the mean of the standard deviation of L ∞ also approximated from that series. The lower bound for λ was chosen by considering the negative effect of winds on recruitment (Ruiz et al., 2006) , and the upper bound was chosen on the basis of a preliminary analysis, in which extreme windy conditions from a historical series were considered and that would allow a replacement rate of at least one recruit per female. This assumption prevents collapse in the absence of fishing and adverse environmental conditions. Constant values used in the model were taken from the literature and were based on expert knowledge, namely the consensus of two experts, and with the assumption that if data were not available from the same stock, they should be taken from the closest (genetically and geographically) stock that experiences a similar exploitation pattern. Using data collected during 4 years in the Gulf of Cádiz (Millán, 1999), we extracted constant parameter values including a 1/1 sex ratio (sexr=0.5), an average length of maturity equal to 11.2 cm TL (for females) to define maturity at length class k (mat k ) (see Table 1 ), and a=0029 and b=3.3438 for the power length-weight relationship, w k = a( approximated from a review on spawning traits of 22 anchovy stocks in European waters (Somarakis et al., 2004) .
Data
The observation model is defined by using quarterly data on catch (in numbers of fish) and yearly CPUE from January 1988 to December 2004 extracted from ICES reports (ICES 2, 8, 9, 10 ) . CPUE data were transformed to monthly data with the knowledge that most of the anchovy landings occur during the spawning season. Therefore, it was assumed that CPUE is known only for spawning months and is equal to the CPUE in the corresponding year. Acoustic estimates were provided by ICES (ICES 2 ) for June of years 1993 and 2004. Length frequency of the catches for the same years from ICES annual reports (ICES 2, 8, 9, 10 ) was used for validation. Monthly catch (in numbers) and monthly length frequency of the catch data resulted from the assumption that the same amount of fish is landed every month of the quarter and that the third quarter has four months. This assumption results in months of 28 days, 13 months per year approximately, and that the 204 months from January 1988 to December 2004 become 222 months in the process model (T=222). The environmental covariates SST, discharges from the Alcalá del Río dam, and wind were obtained as follows: SST was extracted from the advanced very high resolution radiometer (AVHRR) sensor data. The nighttime AVHRR PATHFINDER SST v5 weekly means with 4-km 2 pixel resolution were taken from NASA Physical Oceanography Distributed Active Archive Center (available from website). The region of interest was acquired from the global image, and the arithmetic mean was calculated from the SST of all pixels within this region. Discharges were provided by Confederación Hidrográfica del Guadalquivir (data available from website). The data correspond to the monthly accumulated cubic hectometers that are discharged from the dam each month. Wind data represent the weekly accumulated time (in days) that easterlies faster than 30 km/h have been recorded at the meteorological station of Cádiz.
Model implementation and posterior analysis
The model was run in the Centre of Supercomputing of Galicia (CESGA) by using the Galician virtual supercomputer (SVG) cluster with an Ivy Bridge microarchitecture (Intel Corp., Santa Clara, CA). The software used was R, vers. 3.2.0 (R Core Team, 2015) and JAGS 4.2.0 (Just Another Gibbs Sampler) (Plummer, 2012a) . The R package rjags links the R code with the MCMC sampler (Plummer, 2012b ; see the supplementary text for the JAGS code used in this study). The cluster required 311.28 hours for 170,000 iterations of two chains running in different cores. The first 10,000 iterations were for adaptation without thinning, and then a thinning of 100 iterations was applied. After a burnin period of 80,000 iterations, potential scale-reduction factors (Gelman et al., 2013) and the Heidelberg and Welch convergence diagnostic (Heidelberger and Welch, 1981, 1983) were calculated for all monitored parameters by using the coda package (Plummer et al., 2006) . The potential-scale reduction factor remained below 1.05 for all of them. Heidelberg and Welch tests were passed for both chains and all parameters.
We used the Kullback-Leibler (KL) divergence (Kullback and Leibler, 1951) as a measure of statistical distance between the obtained distributions. The KL divergence measures the loss of information when the predicted distribution is used instead of the real one. It is also considered as a basis for valid inference in ecological Bayesian approaches (Burnham and Anderson, 2001) . It was calculated by using the KLdiv function from the R package flexmix (Grün and Leisch, 2008) . In order to compare the estimated time series with available data, the expected value of the quadratic loss and its square root, i.e., mean squared error and root mean-squared error (MSE and RMSE) were calculated. Standardization was necessary to compare yearly model outputs and in situ data for juveniles because they express juvenile abundance at different scales.
Results
Posterior distributions and the joint posterior of the parameters are displayed in Figure 2 and Supplementary  Figure 1 , respectively. The posterior for initial population N * is coherent with the initial modeled population in Ruiz et al. (2009) , where an uninformative prior was also implemented. The annual fishing-induced mortality mode is higher than the annual natural mortality mode; that finding is consistent with the restrictions placed on the priors, but natural mortality values are very close to the boundary. The mode for parameters L ∞ , and growth rate g for the von Berttalanfy growth model are close to the middle point of the limits established by the priors according to Bellido et al. (2000) . The easterlies parameter (λ) is concentrated in values between one and two, and the discharge parameter (ρ) remains in low values with 0.005 as the mode of the distribution.
In Figure 3A , a temporary decay in the modeled recruitment time series from 1992 to 1995 is observed together with a sudden recovery in the next year. Figure  3B shows a consistent evolution of catches compared with the modeled stock population size, a result that is coherent with the assumption of catches proportional to abundance. This proportionality is derived by considering a constant mortality in Baranov's catch equation which is equivalent to the expected value of c t in Equation 9 .
A detailed representation of the juvenile population is presented in Figure 4 to assess the performance of the higher temporal resolution for the first life stages. The dual-time resolution results in a consistent relation between the model output for the juvenile population (B t (3)+B t (4), t=1,…, T) and in situ data (Drake et al., 2007) and offers a smoother version of the former, although the way these data are recorded is prone to sampling noise. There are also some differences between both time series-the most remarkable in year 2000, which shows a smaller estimated number of juveniles than the number reported from in situ data, as detailed in Table 3 .
The model seems to offer a smoother version of the in situ data although the way these data were recorded (Drake et al., 2007) is prone to sampling noise.
An additional contrast between the output and the data not used in the model formulation or parametrization comes from the length structure of the population. The growth module, included through the matrix G, allows the simulation of the length frequency in the stock for each month (l t ). The KL divergence between model outputs and ICES data was smaller than 2 in 80.63 of the months considered (Fig. 5) , showing that a von Berttalanfy-based matrix could model the length frequency of the population without a significant loss of information in many cases. A lower KL divergence was obtained in the later years, where the sensitivity to initial values was reduced. Main differences are in the first two length classes, as can be seen in the comparison between modeled and observed length distributions for each month in Supplementary Figure 2 The lengths reported by ICES are in the rank of the estimated length (between the 5th and 95th percentiles) for the first and second length classes in the 62% and 59% of all the 222 months, respectively, compared with 63%, 63%, 81%, and 97% for the other length classes.
Discussion
Bayesian models have proven their value for assessing the underlying stock-recruitment relationship of exploited species, along with the associated uncertainty (Dorn, 2002; Mäntyniemi and Romakkaniemi, 2002; Michielsens and McAllister, 2004) . In many stocks and particularly in small pelagic fish, the sensitivity of recruitment to the environment impedes the use of traditional stock-recruitment relationships (e.g., Ricker or Beverton-Holt curves) as the unique driver of Figure 2 Posterior distributions (solid lines) for the parameters of the model used to incorporate an environmentally forced recruitment of European anchovy (Engraulis encrasicolus) in the Gulf of Cádiz, Spain. Parameters were the following: population size at the first time step (N * ), natural mortality (M), fishing-induced mortality (F), effect of strong winds (λ), effect of monthly discharges (ρ), coefficient of variation of recruits (C R ), inverse of the number of fish in a school (η ** ), Naperian logarithm of monthly catchability log(Q), inverse of the variance for acoustic surveys 1 / σ A 2 , asymptotic length (L ∞ ), and somatic growth rate (g). Dotted lines indicate the prior distributions, except for parameters L ∞ and g, for which they represent upper and lower bounds. 
small pelagic populations (Erzini, 2005; Fréon et al., 2005) . However, attempts to include the environment in Bayesian models of recruitment (Ruiz et al., 2009) are hampered by the short time-scale response of early stages to environmental forcing. The dual-time resolution implemented in this study overcomes this handicap. We were able to integrate within the same model the traditional formulations and parameters of fishery management (e.g., von Bertalanffy growth function, Baranov catch equation, M, F) with advanced tools in oceanographic research (e.g., remote sensing) and to perform this merging in a consistent manner with existing data from observations made in the field (e.g., CPUE, landings,or acoustic data).
The proposed dual time resolution does not create a significant numerical burden for the computational effort demanded by a model fully formulated under monthly resolution. The weekly forcing of early stages is implicitly resolved through the M t j terms (Eq. 1) and the whole MCMC sampling is resolved at monthly time steps. The computational time required by a monthly resolved model is already very high (311 hours in our case with a super-computing center, see also Ruiz et (2009) . Therefore, the numerical burden necessary to approach convergence would render intractable if we had formulated this model with weekly time steps. Although our computational time demanded by our approach is still large, it is tractable. In particular, with the advances in parallelization and computing power available for research, this tractability can be used with this new approach in the coming years as a tool to run models that resolve fine scales at short operational times.
Admittedly, it would have been more precise to use monthly varying F values, but constant F was chosen for our study to achieve convergence of parameters in reasonable time. In spite of constant F, the model resulted in a better coherence between modeled and observed abundances: Figure 4 of this article, in contrast to Figure 7 of Ruiz et al. (2009) , illustrates this fact for the seasonal variations and interannual tendencies of juveniles in the Gulf of Cádiz. This improvement is evident if we assess the performance of Ruiz et al. (2009) versus the present model as shown in Tables 3 and 4 . These tables synthesize deviations between model outputs and all available data. These data include those that are incorporated in the modeling exercise (catch, 1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 CPUE, and acoustics), as well as those that are not (juveniles and length frequencies). Table 3 shows the capacity of the models to reproduce the yearly evolution of juveniles. The dual-resolution performs better than the monthly model to estimate juvenile abundance in five out of the 8 years and the overall MSE is also better (1.57 vs. 1.83, respectively). In addition, the difference between CPUE residuals for both models is very small and can be thought of as an improvement of the current model over the former, considering that CPUE is the main source of data of the model in Ruiz et al. (2009) Another enhancement of the current model is the possibility of calculating catches as a model output which is a preliminary condition for constructing a forecast model for management purposes. Albeit the small RMSE for observed and estimated catches (5 million corresponding to 3.84% of the maximum value of observed catches) can be a consequence of the process simplification induced by the assumption of constant fishing-induced mortality, it shows the goodness of fit of the model in a plausible "What if" scenario: What if catches are proportional to the population, and that scenario is not far from reality according to the results from the previously developed Bayesian model. Although a proportionality between catches and abundance is not necessarily observed and is the subject of hot debate (Pauly et al., 2013) , this proportionality is frequently observed in short-lived small pelagic fish (Lloret et al., 2004) . The dual resolution also facilitates the embedding of environmental forcing into generalist models, such as the GPDM for fishery management (Mäntyniemi et al., 2015) . This integration results in coherence between the model outputs and observed data beyond the initial stages of the life cycle, see for instance Table 2 ). Other features observed in the population size-structure also seem to be well reproduced by the model. Therefore, the absence of large sizes and the high concentration of individuals between 10 and 14 cm TL are consistent with the suggestion that fishing pressure hampers adult survival beyond a year and the population relies on the youngest fish (BOTTOP control, Ruiz et al. (2007) ). Nevertheless, discrepancies between model and data frequently occur in the first two length classes (10-12 cm TL and 12-14 cm TL, Suppl. Fig. 2 ). This result probably reflects the need to ameliorate the transition matrix G in future versions of the model. In this respect, the inclusion of another length class in the model (e.g., 8-10 cm TL, representing mostly immature fish) seems reasonable according to the recent report of landings data (ICES 6 ). Further, the use of a seasonal growth model incorporating temperature effects may improve the observed results.
It is worth underscoring that the model did not previously use any of the in situ data for estimates of early-stage abundance presented in Figure 4 or with the population size structure reported by ICES (and used in the contrast of model versus observation in Figure  5 and Supplementary Figure 2) . Therefore, the Bayesian integration of environmental forcing in traditional formulations of fishery management results in outputs that are coherent with field observations. This coherence holds over the whole life cycle, even when the observational data have not being previously used in the configuration of the model.
The main feature of the time series, the collapse and recovery between 1994 and 1996, is described in previous works and points to the combined effect of wind and discharges over recruitment (Ruiz et al., 2006 (Ruiz et al., , 2009 . The resulting drastic variation in landings is also well resolved by the model. The posteriors of λ and ρ in Figure 2 indicate, nevertheless, a higher role of the wind regime in driving the dynamics of the population, consistent with the analysis presented by Rincón et al. (2016) . Consistent with a recruitmentdriven fishery, the model transfers these major changes in recruits (Fig. 3A) into large fluctuations of landings (Fig. 3B) .
These types of dynamics can be reproduced only by models incorporating the mechanics of environmental forcing on recruitment. Classic models, such as virtual population analysis or extended survivor analysis, may be valid for assessing species with longer life spans. The impact the environment may have on these species results in abundance or size-structure changes that are slow enough to be detected by the models used in yearly evaluations of the stock, even when those models do not incorporate environmental forcings. However, these models are not valid for recruitment-dependent fisheries such as that targeting the European anchovy in the Gulf of Cádiz because stock changes are too fast. Moreover, knowledge of the cause and effect of environment on recruitment (beyond simple statistical correlations) is necessary to reach some degree of predictability in cases where severe and quick changes in recruitment pose heavy challenges for modeling.
The model presented here confirms the critical role of the environment in shaping recruitment and landings of the European anchovy in the Gulf of Cádiz. Compared with previous models, its dual-time resolution improves coherence between model output and field ob- Table 4 Interannual performance of 2 models used to incorporate an environmentally forced recruitment of European anchovy (Engraulis encrasicolus) in the Gulf of Cádiz, Spain: the dual-time resolution model of this study and the monthly resolution model of Ruiz et al. (2009) . Values are the root mean squared errors between monthly means of estimations from the models and observations from available data (1988−2004) . The model of Ruiz et al. (2009) servations throughout the life cycle of this fish, including independent observations that represent a genuine validation of the approach (Pauly et al., 2013) . Environment clearly influences future recruitment of this species very early in life. For management purposes this fact implies that the concept developed here could be the basis of a tool to estimate recruitment based on data on wind, temperature, and discharge conditions before the fishing season has started. It would then be feasible to define a harvest control rule incorporating this knowledge to reduce risks of a fishery collapse. It must be remarked that in order to have that predictive tool, there is considerable room for improvement in the current model configuration (e.g., varying F, etc), but we have proved in this study that even with simpler assumptions, the model can yield useful results. Finally, although the implementation of our model is designed for the European anchovy in the Gulf of Cádiz, the fact that Equations 1 and 2 can easily be modified for other species and stocks allows the model to be easily adapted and applied to other small pelagic species for which recruitment is key to explain the surplus or collapse of a fishery.
